ABSTRACT Exudates can be regarded as one of the most prevalent clinical signs of diabetic retinopathy, and the detection of exudates has important clinical significance in diabetic retinopathy diagnosis. In this paper, a novel approach named superpixel multi-feature classification for the automatic detection of exudates is developed. First, an entire image is segmented into a series of superpixels considered as candidates. Then, a total of 20 features, including 19 multi-channel intensity features and a novel contextual feature, are proposed for characterizing each candidate. A supervised multi-variable classification algorithm is also introduced to distinguish the true exudates from the spurious candidates. Finally, a novel optic disc detection technique is designed to further improve the performance of classification accuracy. Extensive experiments are carried out on two publicly available online databases, DiaretDB1, and e-ophtha EX. Compared with other state-of-the-art approaches, the experimental results show the advantages and effectiveness of the proposed approach.
I. INTRODUCTION
Diabetic Retinopathy (DR) is an eye abnormality caused by long-term diabetes, which can lead to vision defects or even blindness [1] . However, patients with DR can hardly realize the vision impairment at the initial phase of the disease. With the development of the disease, DR will cause vision loss. Therefore, regular follow-up exams are recommended, which can help patients delay the progression of blindness and vision loss [2] . The limited number of specialists cannot keep pace with the rapidly increasing number of DR patients, so developing an automatic detection technique based on digital fundus images is extremely essential and urgent [3] .
Exudates can be seen as one of the most prevalent signs during the early period of DR and the major cause of vision loss in non-proliferative DR [4] . Exudates are formed due to the leakage of blood and are characterized by bright spots with sharp margins. Figure 1 shows two examples containing exudate lesions on color retinal fundus images.
Automatic detection of exudates is a challenging issue, since the retinal fundus images often have uneven illumination and are poorly contrasted. Under these complex conditions, several related exudate detection methods have been proposed, which can be divided into the following four categories: (1) thresholding-based [5] - [7] , (2) region growing-based [8] , [9] , (3) morphological-based [10] - [12] , and (4) pixel-based classification [13] - [17] .
Thresholding analysis can be regarded as the simplest manner to segment exudates from other lesions in retinal images. García et al. [5] applied global and adaptive thresholding techniques to create lesion candidates. Then, true exudate regions can be determined by a series of features and radial basis function classifiers. Ail et al. [6] developed an exudate detection method using a thresholding map. The exudate candidates were extracted by thresholding a distance map derived from an atlas image. Furthermore, Pereira et al. [7] employed thresholding segmentation and unsupervised ant colony optimization to segment exudate regions. However, the automatic selection of a threshold is difficult due to uneven illumination of the exudates, which may reduce the importance of feature points and weaken the final classification performance.
In region growing segmentation-based algorithms, the characteristic of spatial gray-level contiguity was used to segment retinal images [8] or combined edge detection for exudate extraction [9] . Nevertheless, region growing is time-consuming.
Several approaches using morphological operators with different structuring elements have been proposed for exudate candidate extraction. Welfer et al. [10] employed a series of morphological operators including morphological reconstruction, regional minima detection and H-maxima transformation to segment exudates. Harangi and Hajdu [11] combined mathematical morphology with active contours into a unified framework for the detection of exudates. Furthermore, Zhang et al. [12] adopted mathematical morphology to select candidates from retinal fundus images. Then, multi-feature classification was used for removing false regions. Although good performance can be achieved using mathematical morphological-based approaches, the critical problem of to choose the appropriate size of structuring element remains for these approaches.
Apart from the above-mentioned detection approaches, many other approaches based on pixel level classification are also incorporated into exudate detection. Amongst these, Osareh et al. [13] utilized a fuzzy C-means (FCM) clustering algorithm to classify segmented regions. In their method, pixel-based features such as color, size, edge strength, and texture features were extracted for each segmented region, and then a multilayer neural network classifier was used to classify retinal images. Niemeijer et al. [14] applied a lesion probability map to distinguish exudates from other bright structures. Akram et al. [15] took advantage of filter banks to extract candidates and Bayesian classifier was adopted to distinguish exudate regions from non-exudate regions. Furthermore, Harangi et al. [16] extracted 15 pixel-level features for each exudate candidate, and a naive Bayes classifier was utilized for feature selection and pixel classification. Giancardo et al. [17] proposed a three-stage exudate detection approach. Firstly, they used image equalization and histogram analysis for extracting bright lesion candidates. Then, a classifier was trained based on the multi-scale local binary pattern and other statistical features. Lastly, the area of the lesions was employed to detect true exudates.
All of the above mentioned exudate detection approaches regard image pixels as a consequence of the discrete representation of images but not natural entities, which may bring adverse effects (e.g., constructed defects derived from complex imaging mechanisms and noise) to image interpretation and representation. Furthermore, exudates have sharp edges and varying shape, so it is important to adhere to exudate boundaries for detection. Compared to the pixel-based image representation, grouping individual pixels into superpixels is an effective processing step in many imaging analysis applications [18] - [20] because superpixel-based image representations reduce the complexity of subsequent image processing tasks and improve its stability and robustness. Furthermore, samples are encoded at the superpixel level, which can reduce the disturbance from pixel level noise and provide a basis for the rapid and accurate diagnoses of experts by means of the perfect clustering effect [18] - [20] .
Recently, Achanta et al. [21] proposed a novel generating superpixel approach named Simple Linear Iterative Clustering (SLIC), which is faster than existing approaches [18] - [20] . This approach enables control of the size and regularity of superpixels, and it has good accuracy and boundary recall properties to improve the performance of segmentation algorithms.
Based on these observations, an automatic exudate detection approach based on SLIC superpixel segmentation and multi-feature classification is proposed, which consists of four main steps. Firstly, retinal images are clustered into SLIC superpixels to obtain a series of candidates. Then, these candidates are characterized by extracting classical intensity features in different channels (gray, RGB three color and saturation channels), and the proposed contextual feature is based on enhanced green channel. Next, Fisher Discriminant Analysis (FDA) [22] is used to distinguish the exudate candidates from the non-exudate candidates. Finally, a post processing technique is proposed to remove the optic disc for improving the performance of classification accuracy. Extensive experiments conducted on the DiaretDB1 [23] and e-ophtha EX [12] databases demonstrate the effectiveness of the proposed approach.
The main contributions of this work are as follows: 1) using superpixels instead of pixels as the basic representation of images is good for the detection of the exudates, which reduces the complexity of subsequent image processing tasks and improves its stability and robustness. 2) A novel contextual feature is proposed that is able to consider the global image information and the relationships of candidate lesions with their neighboring superpixels within the retinal images. 3) A simple and effective optic disc detection method is proposed by means of key point extraction and template matching.
The rest of this paper is organized as follows: the proposed SMFC exudate detection algorithm is described in Section II. Section III discusses the extensive experiments and reports the detection results, and Section IV concludes the paper.
II. METHODOLOGY
In this section, the proposed SMFC method for exudate detection is introduced, which consists of the following five stages: (1) image preprocessing (2) candidate extraction (3) feature extraction (4) classification (5) post processing. In the first stage, the retinal images are adjusted to the normalization illumination. In the second stage, SLIC [21] is adopted to obtain candidates. Next, multi-features characterize the candidates. Then, FDA is used as a linear classifier to classify exudate candidates. Finally, post processing is applied to distinguish true exudate candidates from non-exudate candidates. Each stage will be discussed in detail in the following subsections.
A. PREPROCESSING
Retinal fundus images often have non-uniformly illumination and exhibit local luminosity. For instance, when the regions are near the optic disc, the intensity level is raised by nonuniform illumination but the brightness gradually reduces when the distance to the optic disc is increased. The above description has significant influence on the performance of the retinal lesion detection algorithms, especially for exudate detection. In this study, both global and local luminosity and contrast enhancement approaches are applied to the preprocessing step to overcome these problems. First, a global enhancement approach is adopted for tracking illumination and contrast variability within the retinal image, by decomposing the RGB channels into YIQ and evaluating the processed luminance channel as a combination of the original YIQ with empirically set weights [24] . However, the global enhancement approach might be enough to increase the global luminosity and contrast of the image, but it does not address the variability of luminosity and contrast. Therefore, the statistical-based model of the image approach proposed by Foracchia et al. [25] is applied to the global enhanced image to further improve the local luminosity and contrast of the image. In [25] , the mean and the standard deviation of image pixels likely to belong to the background are used to estimate the local luminosity and contrast. The variability in luminosity and contrast across the image is the subsequent compensation of this variability in the whole image. Figure 2 shows two instances for describing an improvement in color saturation and contrast between lesions and background.
B. CANDIDATE EXTRACTION
Given a retinal fundus image, the original color image is firstly transformed into CIELAB color space using the SLIC algorithm. It is assumed that there are P pixels in the image and the number of initialized cluster centers is k. The grid interval S is defined as S = P k. Next, the distances between pixels and the cluster centers should be calculated within a 2S × 2S neighborhood. Then, each cluster center is updated based on the identified centroid of pixels and repeat this process until the distance between successive cluster centers does not change. In SLIC, the color [l, a, b] T and pixel positions with the cluster centers [x, y] T are combined to compute the distance. Therefore, the distance of pixel i to the k-th cluster center is given by
where m is the weight factor with a range varying from 1 to 40 [21] , S is region size, and (l i , a i , b i ) are the color values of the pixel i at the position of (x i , y i ) in the original image. In SLIC, the following two parameters need to be set: the regionSize corresponding to the size of superpixel segmentation and the regularizer, which is the spatial proximity. A larger regularizer can make the resulting superpixels more compact. On the contrary, a small regularizer means that the resulting superpixels adhere more tightly to image boundaries with less regular size and shape. These parameters can not only impact the classification performance but also influence the computation complexity. The choice of appropriate parameters will be discussed in the experiments. Figure 3 shows several superpixel segmentation examples for various choices of regionSize and regularizer. Figure 3 As seen from these segmentation results, as the regionSize increases, the superpixel size increases, and as the regularizer increases, the superpixel sizes become more regular. 
C. FEATURE EXTRACTION
In order to distinguish exudate candidates from non-exudate candidates, a set of features are proposed including 19 multichannel features and a contextual feature.
1) MULTI-CHANNEL INTENSITY FEATURES
An enhanced retinal image is shown in Figure 4 (a). Several varying images in gray, red, green, blue and saturation channels are illustrated in Figures 4 (b-f) . Figure 4 illustrates that the exudates have different background contrast in different channels. Therefore, extracting a set of features for each candidate in different color channels is necessary.
Optical artifacts may be introduced by the camera optics, and they may appear anywhere on the retinal images. Moreover, it is difficult to distinguish the artifacts from the exudates in any of the RGB channels. Fortunately, they can be detected well in the saturation channel [12] . The saturation values always vary between the different imaging sources. However, for the same type of image, the reflections are darker than other bright structures in the saturation channel. Thus, the saturation channel can be normalized by dividing it with its global mean value to obtain the normalized saturation feature of exudates coded as mean_S. In addition, the global mean and standard deviation of each enhanced green channel image are also incorporated into extracted features coded as Mean and STD, respectively.
Apart from the above extracted 19 features, a novel and effective feature is developed with the aim of describing the exudate candidates better and distinguishing the exudate candidates from non-exudate candidates.
2) CONTEXTUAL FEATURE
After image preprocessing and superpixel segmentation, the proposed contextual feature in enhanced green channel image I is calculated. Suppose that there are P spatial compact candidate regions R i (i = 1, 2, 3, ..., P) with relative consistent size. Here, let Mean_R i and p i denote the average gray value and barycenter position of the i-th superpixel region. Let Mean denote global mean value of the enhanced green channel image I , the contextual feature S i is defined as follows:
where · 2 2 denotes a quadratic term of the l 2 -norm, N (i) is the set of neighbors of candidate region R i and N i is the total number of pixels in candidate region R i . For each candidate R i , its neighbor is defined as those superpixels whose barycenters fall into a circular area of 7 times the regionSize. d j is the intensity distance, and D j is the spatial distance between candidate region R i and its neighbor candidate region R j . An example of the proposed contextual feature is depicted in Figure 5 . In Figure 5 , white dot p i is the barycenter position of the current candidate region R i . Red circle is the neighbor region of R i and the corresponding neighbor barycenter positions are marked as yellow dots.
Basically speaking, the proposed contextual feature is an enhancement of the mean gray value of each candidate. Candidate superpixels often characterize sharp edges and obvious gray scale difference compared to its neighbors. So, in order to distinguish exudates with other bright structures, the gray distance d between neighboring superpixels is taken into consideration. As the nearer neighbors contribute more for such a character, the spatial distance constraint D is also combined for weighting the neighbors. The global mean of the image is also imported for eliminating the influence caused by the varying retinal pigmentations and different image acquisition processes. Suppose that R i belongs to bright structures, the gray distance d and the weighted average gray Mean_R i /Mean are usually large and vice versa. Further, if the bright structure is an exudate, the sum of the weighted gray distance is larger than other bright structures. The importance of the proposed feature will be discussed in the experimental section. From Equation (2), it is clear that a larger S i indicates that the current candidate region is more likely to be an exudate.
Other features are also extracted for candidate superpixels. All of the features are listed in Table 1 . Finally, twenty features are computed on each candidate, forming a 20-dimension feature set F = {f 1 , f 2 , ..., f 20 }. Each feature f i is normalized to a zero mean and unit variance using f i = (f i − µ i )/σ i where µ i is the mean of the i-th feature, and σ i is its standard deviation.
D. CLASSIFICATION
Considering that FDA classifier takes into account the shape of the clusters in the feature space [24] , in this subsection, VOLUME 5, 2017 we utilize it to classify the exudate candidates and the nonexudate candidates. FDA is employed to seek a transformation matrix that maximizes the between-class scatter and minimizes the within-class scatter simultaneously. Supposing that a labeled candidate dataset matrix T = {T 1 , T 2 }, where T 1 = t 1 , t 2 , ..., t n 1 and T 2 = t 1 , t 2 , ..., t n 2 , the matrix
There are n k samples (n = n 1 + n 2 ) in the k-th class C k .
Let S b and S w be the between-class scatter matrix and within-class scatter matrix as follows: The FDA transformation matrix W can be found by maximizing the following optimization problem:
The above optimization problem can be regarded as the generalized eigenvalue problem below [27] :
where λ is the generalized eigenvalue and the vector ϕ is the corresponding eigenvector, which is one of the columns of the FDA transform matrix W . Even if the projected mean of W T µ 1 and W T µ 2 are well separated (to be verified) in [22] , the average distance between the two means w _ 0 = 1 2 W T µ 1 + W T µ 2 can minimize the classification errors only in the case of Gaussian transformed variables with equal variance. However, this is rarely the case, so the parameter w _ 0 is selected through optimization of the error in this study. A set of thresholds ranging from 0 ∼ 1 are listed, and the classification errors with different thresholds are calculated. The threshold with minimum classification error is adopted.
Given a new sample y, it belongs to class 1, if classification rule W T y > w _ 0, else it belongs to class 2. Several classification results derived from FDA are given, as shown in Figure 6 . 
E. POST PROCESSING
After classification, optic disc as non-exudate structure often presents in classification results, which may be erroneously detected as exudates. In order to improve the performance of the detection method, post processing is adopted to remove non-exudate candidates from the classification results.
As for the optic disc, it can be regarded as a main landmark for distinguishing it from the other structures in fundus images, which plays an important role in retinal image analyses and exudate detection. The proposed optic disc detection approach mainly relies on two assumptions. First, the optic disc appears as a bright region; secondly, the optic disc exhibits a Gaussian shape. The optic disc detection approach consists of the following two parts: 1) Candidate regions selection using mathematical morphology; 2) Gaussian template matching and Hough transform to locate the optic disc. In the first part, alternative sequential filters (ASF) consisting of a series of gray closing and opening operations are applied to enhanced image I for searching for the optic disc candidates.
where ϑ and ψ represent gray closing operation and opening operation, respectively. t is the size of structure element, and nt (n = 1, 2, . . .) denotes the n-folds of the length of the basic structure element t. When the structure element nt is sufficiently large, the bright elements but not the optic disc can be removed [28] . So, n is set to 5 in this study according to [28] , and the result is shown in Figure 7 (c).
The centroids of regional maxima M marked in red '+' sign can be regarded as the potential centers of the optic disc candidates, as shown in Figure 7 (d). Considering that the optic disc exhibits a Gaussian shape, it allows a Gaussian function to be utilized to detect optic disc candidates in terms of computing the similarity between the optic disc candidates [29] . In the second part, a candidate is considered an optic disc by maximum correlation coefficient criterion. First, with an adaptive Gaussian template is computed by [29] , as shown in Figure 7 (e), and a series of correlation coefficients based on potential candidate regions (region of interests with the center of each potential centroid) can be obtained by template matching [29] . The optic disc location is determined by the maximum correlation coefficient value as shown in Figure 7 (f) . Then, the region of interest R2 is extracted based on the centroid of the detected optic disc as shown in Figure 7 (g), and canny edge detection is used to find the edges of R2, as shown in Figure 7 (h). Finally, Hough transform is applied to determine the best circle, as shown in Figure 7 (i). A systematic overview of the optic disc detection technique is shown in Figure 7 . 
III. EXPERIMENTAL RESULTS AND ANALYSIS

A. DATABASES
In this section, extensive experiments are discussed that were used to validate the effectiveness of the proposed approach on two public retinal image databases (DIARETDB1 [23] and e-ophtha EX [12] ). experiment, a training set containing 47 retinal images is constituted by 25 retinal images with exudate lesions and 22 retinal images (5 healthy and 17 abnormal retinal images without exudates), which is used for training classifier. The test set is composed of the remaining 42 images (22 abnormal retinal images not including exudate lesions and 20 retinal images from DR patients containing exudate lesions), which is used to validate the effectiveness of the proposed approach by comparing the results with the ground truth. This process is repeated 10 times, and the average result is regarded as the final result.
The e-ophtha EX database is proposed by Zhang et al., which is a public database and available on the Internet. There are 82 retinal images with four different resolutions, ranging from 1440 × 960 to 2544 × 1696 with a 45 • field of view. In the experiment, all images including original images and provided ground truth images are resized to the resolution of 1440 × 960 pixels with 256 gray levels. For this database, 40 retinal images are randomly to form the training set, and the remaining 42 retinal images are considered the testing set. The random sample selection is also repeated 10 times.
B. ASSESSMENT OF CLASSIFICATION PERFORMANCE
Two different kinds of evaluation criteria (e.g., sensitivity and specificity) are applied to verify the effectiveness of the proposed approach. These criteria are defined as follows:
where True positive (TP) is the number of exudates that are correctly identified; False negative (FN) is the number of incorrectly found as non-exudates; False positive (FP) is the number of incorrectly found as exudates;
and True negative (TN) is the number of non-exudates that are correctly identified. The Receiver Operating Characteristics (ROC) curve is adopted to evaluate the effectiveness of the method in the study, which consists of the sensitivity on the vertical axis and (1-specificity) on the horizontal axis. The area under the ROC curve is the AUC value, which can be used for measuring and describing the algorithm performance. A larger AUC value indicates a better classification performance.
C. RESULTS
In this subsection, three experiments that are based on two publicly available databases are used for verifying the advantages and effectiveness of the method. In these experiments, the algorithm is assessed using pixel-based [30] and imagebased [23] criteria. Image-based criterion aims to classify an image either as ''normal'' or ''abnormal.'' If a retinal image contains one or more exudates, it is regarded as pathological: otherwise, it is considered normal [23] . In pixel-based criterion, the connected component level validation [30] is employed by counting the number of detected correctly pixels. According to [30] , an exudate is considered TP if the detected connected component overlapped more than 75% of the area manually annotated by the expert but less than 100%, and all other cases are considered false detections. The TN, FP and FN values are calculated in the same manner. As seen from the above descriptions, algorithm validation by means of image-based criterion performs better than pixel-based criterion, mainly because the image-based criterion is not needed to detect all exudates in retinal fundus images.
There are two parameters in the proposed method including regionSize and regularizer. Therefore, it is important to determine how to appropriately set their values in the proposed approach. In the first experiment, seven different superpixel sizes (10, 20, 30, 40 , 50, 100, and 200) and five different regularizers (0.001, 0.01, 0.1, 0.5, and 1) are utilized as the segmentation standards to select the optimal parameters based on pixel-based criterion on DiaretDB1 and e-ophtha EX databases. Firstly, a series of samples obtained from seven different regionSizes with varying regularizers are used to train corresponding classifiers. Then, the trained classifiers are adopted to classify samples and obtain the corresponding classification scores. Finally, with the obtained scores, the ROC curve can be created and the corresponding AUC values can be calculated. Based on the above descriptions, the AUC values calculated by pixel-based criterion on DiaretDB1 and e-ophtha EX databases under varying regionSizes and regularizers are illustrated in Figure 9 (a) and Figure 9 (b), respectively.
Judging from the experimental results depicted in Figure 9 (a) and Figure 9 (b), it is easy to find that the classification performance becomes stable when the values of regionSizes and regularizers are close to the bottom left corner. Meanwhile, the regularizer impact gradually disappears with the decrease of regionSize. When regionSize is more than 30 pixels, the classification performance becomes stable. In addition, several other interesting points can also be observed. Firstly, when the regularizer is fixed, a larger regionSize will deteriorate the performance of the proposed approach. The reason for this phenomenon is that when the regionSize is large, more non-exudate pixels from the incorrect class are incorporated into segmentation results, decreasing the classification performance. Secondly, when the regionSize is small, the performance of the proposed approach is stable for different regularizers. Nevertheless, with the increasing of regionSize, the performance of the proposed approach will slightly decrease, especially when the regularizer is large. The reason lies in the fact that since exudates own sharp edges and irregular size and shape, a smaller regularizer is more preferable for our proposed approach. Finally, the regionSize depends from the resolution of the input retinal image, so it can be varied according to the resolution. That is to say, a retinal image with a small resolution is more suitable for smaller regionSize segmentation, and a larger regionSize performs well in a larger image resolution.
In Tables 2 and 3 , the average running time of varying regionSizes and regularizers on DiaretDB1 and e-ophtha EX databases are provided. As seen in these tables, the smaller regionSize and bigger regularizer, and the higher computational will be cost. The running time in each regionSize is evaluated with MATLAB on a desktop of 3.30 GHZ CPU with 16 G RAM. Considering the clinical point of view and for screening applications [12] , the bigger regionSize has completely achieved their goal. Based on the above discussions, a compromise is made between the computation time and performance. Therefore, the selection of optimal parameters for each database is based on less computation time without sacrificing the classification performance. In this study, regionSize = 50 and regularizer = 0.001 for the DiaretDB1 database and the regionSize = 30 and regularizer = 0.001 for the e-ophtha EX database.
A pixel-based evaluation result on a retinal image from the e-ophtha EX database is shown in Figure 10 . An original retinal image and the pixel-based detection result on the same image are illustrated in Figure 10 (a) and Figure 10 (b) , respectively.
In Figure 10 , the green, red and blue squares denote the TP, FP and FN results, respectively. From this figure, it can be seen that the proposed approach can detect the majority of exudate lesions (in green) on the image and a small number of pixels are detected as FP (in red) and FN (in blue).
In the second experiment, the image-based criterion is applied to validate the effectiveness of the proposed approach by comparing it with other state-of-the-art approaches. Table 4 shows the comparison results between the proposed exudate detection approach and other state-of-the-art detection approaches on the DiaretDB1 dataset.
All of the experimental results are shown in Table 4 . From the comparative results listed in Table 4 , it can be found that the proposed approach is more reliable than the other approaches in terms of sensitivity, specificity and AUC. For instance, when using all 20 features (19 intensity features and one contextual feature) in the experiment, with the specificity 95%, a sensitivity of 88% and a corresponding AUC of 0.9655 can be achieved. Furthermore, when extracting 19 intensity features or extracting one contextual feature, the performance of the proposed method is lower than the condition of extracting 20 features, but the difference is small. Most especially, even though only the contextual feature is extracted for each candidate, the performance of the proposed approach is still better than most of the comparison approaches, which indicates the effectiveness of the proposed technique.
Finally, the last experiment is conducted to test the robustness of the proposed approach. Here, two publicly available databases including DiaretDB1 and e-ophtha EX are used to evaluate the performance of this approach. The resulting ROC curves are given in Figure 11 . According to Figure 11 , it can be seen that the performances between different databases are similar. These results indicate that the proposed approach is robust to changes in various environment conditions.
Although the proposed exudate detection method can achieve the satisfactory results, the diversity of brightness and different sizes still influence the performance of the approach. Additionally, when few exudate lesions or small size exudate lesions present in the retinal images, the proposed approach may not completely detect exudates, indicating its limitation and improvement necessity in future work.
IV. CONCLUSIONS
In this study, a novel Superpixel Multi-Feature Classification (SMFC) method is proposed. Firstly, the whole image is segmented into a series of superpixels regarded as candidates. Then, a set of intensity features and a novel contextual feature are proposed to characterize these candidates. A supervised multi-variable classification algorithm is introduced to distinguish the exudate candidates from the non-exudate candidates. Finally, an optic disc detection method based on key point extraction and template matching is designed to remove the optic disc with the aim of improving classification accuracy. The proposed approach has been evaluated on two publicly available DiaretDB1 and e-ophtha EX databases using two different criteria including image-based and pixelbased. Accordingly, the AUC of 0.970 and 0.9655 is achieved respectively, which are greater than most of the state-of-theart approach.
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